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Abstract
Background: Machine learning (ML) has been investigated for its predictive value in knee osteoarthritis (KOA) progression.
However, systematic evidence on the effectiveness of ML is still lacking, posing a challenge to precision prevention.
Objective: This systematic review aimed to systematically assess the application status and accuracy of ML in predicting
KOA progression and to compare the predictive performance of ML, traditional methods, and deep learning under different
datasets, model types, modeling variables, and definitions of KOA progression.
Methods: Following the PRISMA (Preferred Reporting Items for Systematic reviews and Meta-Analyses) statement, a
systematic search was conducted in Embase, Web of Science, PubMed, and Cochrane Library up to October 10, 2025. Two
investigators were independently responsible for study screening, data extraction, and risk-of-bias assessment in included
studies using the Prediction Model Risk of Bias Assessment Tool. Meta-analyses were conducted on the concordance index
(C-index) and diagnostic 4-fold table using a random effects model, with prediction intervals (PIs) reported. In addition,
subgroup analyses were performed by model type, modeling variable, and definition of KOA progression.
Results: A total of 32 studies were included. The overall risk of bias was considered low in 8 studies, high in 13 studies,
and unclear in 11 studies. For predicting all progression, the pooled C-index was 0.773 (95% CI 0.727‐0.821; 95% PI
0.567‐1.000) for the clinical feature–based model, 0.798 (95% CI 0.755‐0.843; 95% PI 0.646‐0.984) for the magnetic
resonance imaging (MRI)–based model, 0.712 (95% CI 0.657‐0.772; 95% PI 0.526‐0.965) for the X-ray–based model, 0.806
(95% CI 0.765‐0.849; 95% PI 0.639‐1.000) for the MRI+clinical feature–based model, 0.772 (95% CI 0.731‐0.815; 95% PI
0.610‐0.976) for the X-ray+clinical feature–based model, and 0.731 (95% CI 0.669‐0.798; 95% PI 0.518‐1.000) for the clinical
feature+X-ray+MRI–based model. The clinical feature–based model was established mainly using logistic regression and
exhibited accuracy comparable to other ML models. Among image-based models, traditional ML or deep learning possessed
higher accuracy.
Conclusions: This systematic review used CIs to estimate mean effects and PIs to estimate the potential range of effects in
future scenarios. It systematically compared the performance of ML in predicting KOA progression under different model
types, modeling variables, and definitions of KOA progression. ML models demonstrate certain discriminatory power in
predicting KOA progression, but current evidence should be interpreted with caution due to various sources of significant
heterogeneity, such as variations in the definition of KOA progression and validation strategies. Future research should
standardize the definition of KOA progression, enhance methodological rigor, and conduct stringent external validation to
improve model reliability and facilitate clinical translation.
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Introduction
Osteoarthritis (OA) is a degenerative joint disease charac-
terized by degeneration of articular cartilage, osteophyte
formation, and synovial inflammation, and it presents with
pain, limitation of motion, and dysfunction [1]. OA is the
15th major cause of disability worldwide, with a prevalence
rate of over 7% globally and up to 14% in high-income
and aging countries. Moreover, it incurs health care costs
that account for 1% to 2.5% of the gross domestic product
of these countries [2]. As the most prevalent type of OA,
knee OA (KOA) affects 365 million people, accounting for
approximately 85% of the global burden of OA [3]. KOA
has shown an annually increasing prevalence with population
growth and aging, and it is projected that 642 million people
will develop KOA globally by 2050, which underscores the
urgency of active management strategies [4].

Despite rising economic costs, no specific treatment for
KOA is available yet due to an unclear pathogenesis of
KOA, and most patients remain at risk of KOA progression
[5]. KOA progression primarily includes pain progression
(an increase in the Western Ontario and McMaster Univer-
sities Osteoarthritis Index [WOMAC] pain subscale score)
and imaging progression (a decline in joint space width
[JSW] or an increase in Kellgren-Lawrence [KL] grade) [6,
7]. Patients with advanced KOA need to undergo arthroplasty
to restore joint function, but their postoperative functional
outcome remains uncertain due to the limited lifespan of the
prosthesis [8]. Therefore, early prediction of KOA progres-
sion is clinically important for developing specific preventive
protocols.

The development of prediction tools for early progression
encounters challenges due to the heterogeneity of structural
and clinical features in KOA and therefore, few prediction
tools for KOA progression are available [9]. Current clinical
prediction models for KOA progression rely primarily on
logistic regression models using demographic and basic
clinical characteristics. However, these traditional statistical
methods often fail to capture complex nonlinear interactions
of high-dimensional risk factors, such as pixel-level texture
variations in magnetic resonance imaging (MRI). Conse-
quently, these traditional tools have limited capacity to handle
complex, high-dimensional data despite their widespread
use, and their predictive accuracy has reached a bottleneck,
restricting their application in personalized medicine.

Machine learning (ML) can automatically learn complex
nonlinear relationships and underlying patterns in data and
exhibits greater adaptability and accuracy when handling
high-dimensional unstructured data and large datasets.
Therefore, research on ML techniques for predicting KOA
progression has increasingly emerged [10]. Currently, ML,
particularly deep learning (DL), has emerged as a powerful
alternative. Unlike traditional methods requiring manual

feature selection, DL algorithms can automatically extract
potential features from raw medical images and capture
subtle pathological changes that are often beyond human
experts’ recognition capabilities and may be overlooked
in conventional analysis. By integrating multimodal data,
including clinical information, imaging data, and biomarkers,
ML models can construct more comprehensive and accu-
rate predictive systems for KOA progression. These systems
enable more precise prediction and provide robust support for
clinical decision-making.

Although the use of ML in KOA progression prediction
has been summarized in narrative reviews [11-13], they
have mostly conducted only qualitative analysis. Currently, a
comprehensive evaluation of quantitative evidence regard-
ing the discriminatory power (concordance index [C-index])
of these models is still lacking. Without considering the
differences in study design and validation methods, it is
difficult for meta-analyses to clearly determine whether
ML possesses a more significant predictive advantage over
traditional methods. Meanwhile, how to effectively integrate
clinical data, imaging data, and multimodal data to opti-
mize the predictive performance of ML models remains a
critical issue that urgently needs to be addressed. In addi-
tion, outcome metrics for KOA progression may vary across
studies, including the change in JSW, pain scores, or loss
of function, making it more difficult to compare the study
results.

Given variations in model types and modeling variables
in available studies, the predictive effect of ML still requires
systematic evidence. Therefore, this systematic review aimed
to systematically assess the application status and predic-
tive accuracy of ML models in KOA progression, quantita-
tively compare their performance with traditional statistical
methods and DL, and assess the performance of ML models
across subgroups (stratified by validation method, modeling
variable, and definition of KOA progression). The findings
are expected to provide an evidence-based basis for the future
development of artificial intelligence prediction tools in this
field.

Methods
Study Registration
To improve the reporting quality, this systematic review fully
adhered to the PRISMA-DTA (Preferred Reporting Items for
a Systematic Review and Meta-analysis of Diagnostic Test
Accuracy) statement [14], and the PRISMA-DTA checklist is
displayed in Checklist 1. The study protocol was registered
with PROSPERO (CRD420251024340).
Eligibility Criteria
The eligibility criteria are described in Textbox 1.
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Textbox 1. Inclusion and exclusion criteria.
Inclusion criteria

• Patients diagnosed with knee osteoarthritis (KOA).
• ML models were established for predicting KOA progression (pain progression, imaging progression, and other

progression).
• Outcome metrics were available for assessing model accuracy.
• Studies published in English.
• Studies with cohort, case-control, and cross-sectional designs.

Exclusion criteria
• Meeting abstracts not publicly available.
• Meta-analyses, reviews, guidelines, and expert opinions.
• Only risk factors were analyzed, without establishing complete machine learning (ML) models.
• Only image segmentation was performed, without establishing complete ML models.
• Only the association of a single factor with KOA progression was considered.
• Outcome metrics for assessing model accuracy were lacking.

Data Source and Search Strategy
The process of study search followed the PRISMA-S
(Preferred Reporting Items for Systematic reviews and
Meta-Analyses–Search extension) guidelines to ensure
transparency [15]. A systematic search was conducted in
PubMed (National Library of Medicine), Embase (Elsevier),
Web of Science (Clarivate Analytics), and Cochrane Library
(Wiley), but we did not search specialized research registries
or contact relevant experts for unpublished data. Addition-
ally, the reference lists of all included studies were man-
ually checked (backtracking) to avoid missing potentially
relevant studies. The search strategy was developed by the
first author and peer-reviewed by senior investigators in the
team before final implementation. The search strategy used
a combination of subject terms (Medical Subject Headings
in PubMed and Emtree in Embase) and free-text keywords,
primarily covering three key concepts: knee osteoarthritis (eg,
“osteoarthritis,” “gonarthrosis”), machine learning (eg, “deep
learning,” “random forest,” “Extreme Gradient Boosting
[XGBoost]”), and prediction or model (eg, “prediction
model,” “risk model”). Boolean operators (“AND” and “OR”)
were also used to enhance search sensitivity. The search
strategy for each database is provided in Supplementary Table
S1 in Multimedia Appendix 1. No prepublished search filters
or search strategies from other literature reviews were used,
and no restrictions were imposed on language or study type.
We reran the search formula to update the included studies,
with the last search dated October 10, 2025.
Study Selection
All retrieved records were imported into the literature
management software EndNote (version 20; Clarivate).
Duplicate publications were first removed by automatic
deduplication (based on title, author, and year), followed by
manual review to ensure accuracy. The initial search yielded
9631 records (PubMed: 1831, 19.0%; Embase: 4020, 41.7%;
Web of Science: 2567, 26.7%; and Cochrane Library: 1213,
12.6%). After deduplication, 7161 (74.4%) records were
incorporated into screening. Two investigators independently
read the title and abstract and then examined the full text

based on the eligibility criteria. Any discrepancy was resolved
by discussion or adjudication by a third investigator.
Data Extraction
A standardized spreadsheet was created to extract the
following data: title, first author, year of publication, country,
study type, patient source, type and definition of progres-
sion, duration of follow-up, number of progressive cases,
total cases, number of progressive cases and total cases
in the training and validation cohorts, generation method
of the validation cohort, method for addressing overfit-
ting, method for handling missing values, variables, model
types, modeling variables, diagnostic 4-fold table, C-index,
sensitivity, specificity, precision, accuracy, and F1-score. Any
discrepancy was resolved by discussion or adjudication by a
third investigator.
Risk of Bias
The risk of bias (RoB) in the included studies was assessed
using the Prediction Model Risk of Bias Assessment Tool
[16]. The Prediction Model Risk of Bias Assessment Tool
encompasses many questions across four domains: partici-
pants, predictors, outcome, and analysis, with each domain
assessed for potential bias and applicability concerns. The
signaling questions in each domain were answered as “yes or
probably yes (low bias),” “no or probably no (high bias),” and
“unclear.” The domain was deemed to be of high RoB if at
least one question was rated as high bias and to be of low
RoB if all questions were rated as low bias. Two investigators
independently assessed RoB and cross-checked their results.
Any discrepancy was resolved by adjudication by a third
investigator.
Data Synthesis
Stata (version 15.1; StataCorp) was used for meta-analyses,
and the overall accuracy of the ML models was assessed by
the C-index. The C-index is a measure of the consistency
between the predicted risk score and the actual observed
outcome; its value ranges from 0.5 to 1.0, with higher values
indicating better discriminatory power of the model (0.5:
predictions are equivalent to random guessing and 1.0: perfect
prediction) [17]. When the SE with 95% CI for the C-index
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was missing in some studies, it was estimated using the
methodology proposed by Debray et al [18]. Due to varia-
tions in variable screening strategies, variable optimization
strategies, and variables across models, the models’ predic-
tive performance may have potential differences. Therefore,
a random effects model was used, and the prediction interval
(PI) was calculated [19,20].

In addition, sensitivity and specificity underwent meta-
analyses using bivariate mixed effects models based on
diagnostic 4-fold tables. However, the diagnostic 4-fold table
was not reported in most of the original studies, so it was
calculated using sensitivity, specificity, precision, and the
number of cases. Subgroup analyses were also performed by
the dataset, model type, modeling variable, and definition of
KOA progression.

Results
Search Results
Initially, 9631 studies were retrieved, of which 2470 (25.6%)
duplicates were excluded. After the title and abstract review,

7044 (73.1%) irrelevant studies were excluded, including
256 (3.6%) meta-analyses or reviews, 98 (1.4%) letters or
responses, 86 (1.2%) case reports, 49 (0.7%) in vitro trials,
78 (1.1%) registration protocols, and 6477 (92.0%) other
irrelevant publications. The remaining 117 (1.2%) studies
were examined for the full text. Finally, 38 (32.5%) studies
lacking complete models, 27 (23.1%) conference abstracts,
and 20 (17.1%) studies that only analyzed risk factors
were excluded, and the remaining 32 (27.3%) studies were
included, all of which had been published [7,21-51] (Figure
1).

Figure 1. Study screening flowchart for systematic review of machine learning in predicting knee osteoarthritis progression.

Study Characteristics
The included studies were all published between 2012 and
2025 and originated from China (n=12, 37.5%), the United
States (n=6, 18.8%), Finland (n=4, 12.5%), France (n=2,

6.3%), Canada (n=2, 6.3%), the United Kingdom (n=1,
3.1%), Germany (n=1, 3.1%), Switzerland (n=1, 3.1%),
Greece (n=1, 3.1%), Korea (n=1, 3.1%), and Australia
(n=1, 3.1%). They were all observational studies, includ-
ing 28 (87.5%) cohort studies and 4 (12.5%) case-control
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studies. The patient data were sourced from the Osteoar-
thritis Initiative database in 29 (90.6%) studies, from the
Multicenter Osteoarthritis Study in 6 (18.8%) studies, and
from other databases or a single center in 4 (12.5%) stud-
ies. A total of 20 (62.5%) studies reported imaging pro-
gression, 7 (21.9%) studies reported both pain progression
and imaging progression, and 4 (12.5%) studies reported
pain progression or dysfunction progression. The duration
of follow-up greatly varied from 12 to 128 months. Thirty
(93.8%) studies explicitly described the generation method
of the validation cohort. Cross-validation was adopted in 23
(71.9%) studies, random sampling in 12 (37.5%) studies,
and external validation in 5 (15.6%) studies. For modeling
variables, clinical features were used in 23 (71.9%) studies,
X-ray data were used in 17 (53.1%) studies, and MRI data
were used in 18 (56.3%) studies. Logistic regression models
were established in 9 (28.1%) studies, ML models in 20
(62.5%) studies, and image-based DL models in 16 (50.0%)
studies (Table 1).
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Risk of Bias
The overall RoB was considered low in 8 (25.0%) studies,
high in 13 (40.6%) studies, and unclear in 11 (34.4%) studies.
Specifically, all studies had a low risk in the domains of
participants and predictors; in the domain of outcome, 31

(96.9%) studies had low risk, and 1 (3.1%) had unclear risk;
in the analysis domain, 8 (25.0%) studies had low risk, 13
(40.6%) studies had high risk, and 11 (34.4%) studies had
unclear risk (Figure 2 and Table S2 in Multimedia Appendix
1).

Figure 2. Summary of risk of bias assessment results by Prediction Model Risk of Bias Assessment Tool for included original studies.

Meta-Analysis

All Progression
For predicting all progression, the clinical feature–based
model had a pooled C-index of 0.773 (95% CI 0.727‐
0.821; 95% PI 0.567‐1.000; z score=−8.32; P<.001; Figure
3A), with sensitivity and specificity of 0.77 (95% CI 0.68‐
0.84) and 0.75 (95% CI 0.67‐0.81), respectively; the MRI-
based model had a pooled C-index of 0.798 (95% CI
0.755‐0.843; 95% PI 0.646‐0.984; z score=−8.01; P<.001;
Figure 4A), with sensitivity and specificity of 0.75 (95% CI
0.68‐0.81) and 0.77 (95% CI 0.74‐0.80); the X-ray–based
model had a pooled C-index of 0.712 (95% CI 0.657‐0.772;
95% PI 0.526‐0.965; z score=−8.20; P<.001; Figure 5A),
with sensitivity and specificity of 0.72 (95% CI 0.67‐0.76)

and 0.70 (95% CI 0.64‐0.75), respectively; the MRI+clin-
ical feature–based model had a pooled C-index of 0.806
(95% CI 0.765‐0.849; 95% PI 0.639‐1.000; z score=−8.20;
P<.001; Figure 6A), with sensitivity and specificity of 0.77
(95% CI 0.70‐0.83) and 0.77 (95% CI 0.71‐0.82), respec-
tively; the X-ray+clinical feature–based model had a pooled
C-index of 0.772 (95% CI 0.731‐0.815; 95% PI 0.610‐
0.976; z score=−9.30; P<.001; Figure 7A), with sensitivity
and specificity of 0.72 (95% CI 0.67‐0.77) and 0.76 (95%
CI 0.72‐0.80), respectively; the clinical feature+X-ray+MRI–
based model had a pooled C-index of 0.731 (95% CI
0.669‐0.798; 95% PI 0.518‐1.000; z score=−6.97; P<.001;
Figure 8A), with sensitivity and specificity of 0.68 (95% CI
0.57‐0.78) and 0.74 (95% CI 0.64‐0.82), respectively.
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Figure 3. Forest plot for meta-analysis of C-index of clinical feature–based model for predicting all progression of knee osteoarthritis [23-26,29,30,
32-34,36,37,40,44,49,51]. (A) Main meta-analysis; (B) subgroup analysis. DL: deep learning; LR: logistic regression; ML: machine learning.

Figure 4. Forest plot for meta-analysis of C-index of MRI-based model for predicting all progression of knee osteoarthritis [24,32,33,36,39-41,49].
(A) Main meta-analysis; (B) subgroup analysis. DL: deep learning; LR: logistic regression; ML: machine learning.
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Figure 5. Forest plot for meta-analysis of C-index of X-ray–based model for predicting all progression of knee osteoarthritis [7,
23,30,31,33,40,44,45,48]. (A) Main meta-analysis; (B) subgroup analysis. DL: deep learning; LR: logistic regression; ML: machine learning.

Figure 6. Forest plot for meta-analysis of C-index of MRI+clinical feature–based model for predicting all progression of knee osteoarthritis [24,32,
33,37,39,41-43,47,49-51]. (A) Main meta-analysis; (B) subgroup analysis. DL: deep learning; LR: logistic regression; ML: machine learning.
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Figure 7. Forest plot for meta-analysis of C-index of X-ray+clinical feature–based model for predicting all progression of knee osteoarthritis [21,23-
26,30,31,35,38,42,44,45,48]. (A) Main meta-analysis; (B) subgroup analysis. DL: deep learning; LR: logistic regression; ML: machine learning.

Figure 8. Forest plot for meta-analysis of C-index of clinical feature+X-ray+MRI–based model for predicting all progression of knee osteoarthritis
[21,24,35,40,42,43,46]. (A) Main meta-analysis; (B) subgroup analysis. DL: deep learning; LR: logistic regression; ML: machine learning.

In the aforementioned main meta-analysis, the PIs for all
pooled C-indices were broad, with lower limits below 0.7
(a C-index >0.7 suggests satisfactory discriminatory power
of the model). Therefore, subgroup analyses were conduc-
ted. Subgroup analyses were conducted by the validation
method (ie, cross-validation and independent validation). The
results revealed that the pooled C-index of X-ray–based
and X-ray+clinical feature–based models was superior in
independent validation to that in cross-validation, while the
pooled C-index of clinical feature–, MRI-, MRI+clinical
feature–, or clinical feature+X-ray+MRI–based models was
superior in cross-validation to that in independent validation.
Under different modeling variables, subgroup analyses were
also performed by the modeling method (logistic regression,
traditional ML, and DL) to pool the accuracy of these models
in predicting disease progression (Tables 2 and 3).
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Table 3. Meta-analysis of sensitivity and specificity of machine learning (ML) for predicting all progression of knee osteoarthritis.

Modeling
variables
and model

Cross-validation Independent validation Overall

n (%)

Sensitivi
ty (95%
CI)

Specificity
(95% CI) n (%)

Sensiti
vity
(95%
CI)

Specificity
(95% CI) n (%)

Sensi
tivity
(95%
CI)

Specificity
(95% CI)

Clinical
features

                  

  LRa 4 (44.4) 0.94
(0.72‐
0.99)

0.81 (0.68‐
0.89)

4 (33.3) 0.72
(0.65‐
0.79)

0.78 (0.67‐
0.87)

8 (38.1) 0.85
(0.68
‐
0.94)

0.81 (0.73‐
0.87)

  ML 4 (44.4) 0.77
(0.59‐
0.88)

0.75 (0.66‐
0.83)

7 (58.4) 0.68
(0.52‐
0.80)

0.69 (0.49‐
0.84)

11 (52.4) 0.71
(0.59
‐
0.80)

0.71 (0.58‐
0.81)

  DLb 1 (11.2) 0.80 0.84 1 (8.3) 0.64 0.42 2 (9.5) 0.64‐
0.80

0.42‐0.84

  Overall 9 0.86
(0.74‐
0.93)

0.79 (0.72‐
0.85)

12 0.67
(0.58‐
0.76)

0.71 (0.57‐
0.81)

21 0.77
(0.68
‐
0.84)

0.75 (0.67‐
0.81)

MRIc
features

                  

  LR —d — — — — — — — —
  ML 2 (33.3) 0.67‐

0.80
0.78‐0.79 3 (60.0) 0.77‐

0.83
0.63‐0.80 5 (45.5) 0.77

(0.70
‐
0.83)

0.74 (0.69‐
0.79)

  DL 4 (66.7) 0.79
(0.66‐
0.88)

0.78 (0.73‐
0.82)

2 (40.0) 0.53‐
0.62

0.80‐0.83 6 (54.5) 0.74
(0.61
‐
0.84)

0.77 (0.73‐
0.80)

  Overall 6 0.77
(0.68‐
0.85)

0.78 (0.75‐
0.81)

5 0.71
(0.59‐
0.81)

0.75 (0.67‐
0.81)

11 0.75
(0.68
‐
0.81)

0.77 (0.74‐
0.80)

X-ray
features

                  

  LR — — — — — — — — —
  ML — — — — — — — — —
  DL 1 (100) 0.79 0.76 6 (100) 0.70

(0.65‐
0.75)

0.68 (0.63‐
0.74)

7 (100) 0.72
(0.67
‐
0.76)

0.70 (0.64‐
0.75)

  Overall 1 0.79 0.76 6 0.70
(0.65‐
0.75)

0.68 (0.63‐
0.74)

7 0.72
(0.67
‐
0.76)

0.70 (0.64‐
0.75)

MRI+clinic
al features

                  

  LR — — — 3 (30.0) 0.65‐
0.81

0.60‐0.69 3 (16.7) 0.65‐
0.81

0.60‐0.69

  ML 2 (25.0) 0.37‐
0.66

0.76‐0.90 5 (50.0) 0.75
(0.62‐
0.85)

0.79 (0.73‐
0.84)

7 (38.9) 0.68
(0.54
‐
0.79)

0.80 (0.74‐
0.85)

  DL 6 (75.0) 0.85
(0.80‐
0.89)

0.79 (0.65‐
0.89)

2 (20.0) 0.64‐
0.85

0.69‐0.70 8 (44.4) 0.83
(0.76

0.77 (0.65‐
0.86)
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Modeling
variables
and model

Cross-validation Independent validation Overall

n (%)

Sensitivi
ty (95%
CI)

Specificity
(95% CI) n (%)

Sensiti
vity
(95%
CI)

Specificity
(95% CI) n (%)

Sensi
tivity
(95%
CI)

Specificity
(95% CI)

‐
0.88)

  Overall 8 0.79
(0.67‐
0.88)

0.80 (0.70‐
0.88)

10 0.74
(0.67‐
0.81)

0.73 (0.68‐
0.78)

18 0.77
(0.70
‐
0.83)

0.77 (0.71‐
0.82)

X-
ray+clinical
features

                  

  LR 1 (16.7) 0.66 0.80 — — — 1 (9.1) 0.66 0.80
  ML 5 (83.3) 0.70

(0.61‐
0.78)

0.75 (0.69‐
0.81)

3 (60.0) 0.72‐
0.89

0.65‐0.83 8 (72.7) 0.73
(0.66
‐
0.79)

0.76 (0.70‐
0.81)

  DL — — — 2 (40.0) 0.72‐
0.75

0.72‐0.81 2 (18.2) 0.72‐
0.75

0.72‐0.81

  Overall 6 0.69
(0.61‐
0.76)

0.76 (0.70‐
0.81)

5 0.75
(0.72‐
0.77)

0.77 (0.70‐
0.82)

11 0.72
(0.67
‐
0.77)

0.76 (0.72‐
0.80)

Clinical
feature+X-
ray+MRI

                  

  LR — — — 4 (44.4) 0.58
(0.41‐
0.72)

0.63 (0.48‐
0.76)

4 (36.4) 0.58
(0.41
‐
0.72)

0.63 (0.48‐
0.76)

  ML 2 (100) 0.68‐
0.87

0.79‐0.90 5 (55.6) 0.71
(0.53‐
0.84)

0.75 (0.61‐
0.85)

7 (63.6) 0.74
(0.60
‐
0.84)

0.79 (0.68‐
0.87)

  DL — — — — — — — — —
  Overall 2 0.68‐

0.87
0.79‐0.90 9 0.65

(0.52‐
0.76)

0.70 (0.59‐
0.79)

11 0.68
(0.57
‐
0.78)

0.74 (0.64‐
0.82)

aLR: logistic regression;
bDL: deep learning.
cMRI: magnetic resonance imaging.
dNot available.

Differences were statistically significant in clinical fea-
ture–based models across subgroups (χ25=69.9; P<.001;
Figure 3B). When cross-validation was used, the logis-
tic regression model demonstrated higher accuracy, with
a pooled C-index of 0.863 (95% CI 0.779‐0.956; z
score=−2.82; P=.005). When independent validation was
used, the logistic regression model also displayed higher
accuracy, with a pooled C-index of 0.814 (95% CI 0.729‐
0.908; z score=−3.67; P<.001). Besides, differences were
not statistically significant in MRI-based models across
subgroups (χ23=1.1; P=.78; Figure 4B). When cross-valida-
tion was used, the DL model demonstrated higher accuracy,
with a pooled C-index of 0.825 (95% CI 0.747‐0.911; z
score=−3.80; P<.001). When independent validation was

used, the ML model displayed optimal predictive perform-
ance, with a pooled C-index of 0.784 (95% CI 0.742‐0.828;
z score=−8.69; P<.001). Differences were not statistically
significant in X-ray–based models across subgroups (χ21=0.6;
P=.43; Figure 5B). When cross-validation was used, only
DL models were included, yielding lower mean predictive
power, with a C-index of 0.680 (95% CI 0.562‐0.822; z
score=−3.99; P<.001). When independent validation was
used, only DL models were included and displayed higher
accuracy, with a pooled C-index of 0.737 (95% CI 0.694‐
0.782; z score=−10.03; P<.001).

For multimodal models, statistically significant differen-
ces were present in MRI+clinical feature–based models
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across subgroups (χ24=13.4; P=.009; Figure 6B). When
cross-validation was used, the DL model demonstrated
superior accuracy, with a pooled C-index of 0.849 (95%
CI 0.770‐0.936; z score=−3.28; P=.001). When independent
validation was used, the ML model demonstrated higher
accuracy, with a C-index of 0.827 (95% CI 0.793‐0.863;
z score=−8.73; P<.001). Besides, statistically significant
differences were present in X-ray+clinical feature–based
models (χ23=16.1; P=.001; Figure 7B). When cross-vali-
dation was used, the ML model yielded a C-index of
0.718 (95% CI 0.643‐0.803; z score=−5.85; P<.001). When
independent validation was used, the ML model demon-
strated higher accuracy, with a C-index of 0.843 (95%
CI 0.796‐0.892; z score=−5.95; P<.001). Clinical feature+X-
ray+MRI–based models had statistically significant differen-
ces across subgroups (χ23=32.8; P<.001; Figure 8B). When
cross-validation was used, the ML model yielded a C-index
of 0.801 (95% CI 0.667‐0.962; z score=−2.37; P=.02).
When independent validation was used, the ML model also
demonstrated higher accuracy, with a pooled C-index of
0.785 (95% CI 0.688‐0.896; z score=−3.59; P<.001).

Imaging Progression
For predicting imaging progression, the clinical feature–based
model had a pooled C-index of 0.791 (95% CI 0.730‐0.857;
95% PI 0.566‐1.000; z score=−5.74; P<.001; Figure S1A in
Multimedia Appendix 1), with sensitivity and specificity of
0.81 (95% CI 0.72‐0.88) and 0.71 (95% CI 0.60‐0.80); the
MRI-based model had a pooled C-index of 0.795 (95% CI
0.725‐0.872; 95% PI 0.584‐1.000; z score=−4.87; P<.001;
Figure S2A in Multimedia Appendix 1), with sensitivity and
specificity of 0.76 (95% CI 0.62‐0.86) and 0.78 (95% CI
0.72‐0.83); the X-ray–based model had a pooled C-index
of 0.718 (95% CI 0.655‐0.788; 95% PI 0.518‐0.997; z
score=−7.01; P<.001; Figure S3A in Multimedia Appendix
1), with sensitivity and specificity of 0.71 (95% CI 0.65‐0.76)
and 0.69 (95% CI 0.63‐0.75); the MRI+clinical feature–based
model had a pooled C-index of 0.796 (95% CI 0.732‐0.865;
95% PI 0.586‐1.000; z score=−5.39; P<.001; Figure S4A in
Multimedia Appendix 1), with sensitivity and specificity of
0.77 (95% CI 0.63‐0.87) and 0.78 (95% CI 0.66‐0.86); the
X-ray+clinical feature–based model had a pooled C-index
of 0.748 (95% CI 0.684‐0.818; 95 % PI 0.550‐1.000; z
score=−6.32; P<.001; Figure S5A in Multimedia Appendix
1), with sensitivity and specificity of 0.76 (95% CI 0.67‐
0.83) and 0.69 (95% CI 0.65‐0.73); the clinical feature+X-
ray+MRI–based model had a pooled C-index of 0.818 (95%
CI 0.709‐0.944; z score=−2.74; P=.006; Figure S6A in
Multimedia Appendix 1).

In the aforementioned main meta-analysis, the PIs for
all pooled C-indices were broad, with lower limits below
0.7 (C-index >0.7 suggests satisfactory discriminatory power
of the model). Therefore, subgroup analyses were conduc-
ted (Figures S1-S6B in Multimedia Appendix 1). Subgroup
analyses by the validation method revealed that the pooled
C-index of X-ray–based and X-ray+clinical feature–based
models was superior in independent validation to that in
cross-validation, whereas the pooled C-index of clinical

feature–, MRI-, and MRI+clinical feature–based models was
superior in cross-validation to that in independent validation
(Tables S3 and S4 in Multimedia Appendix 1).
Other Progression
Other KOA progression included pain progression, dysfunc-
tion progression, and stiffness progression. For predicting
other progression, the clinical feature–based model had a
pooled C-index of 0.746 (95% CI 0.680‐0.817; 95% PI:
0.532‐1.000; z score=−6.27; P<.001; Figure S7A in Multime-
dia Appendix 1), with sensitivity and specificity of 0.67 (95%
CI 0.51‐0.80) and 0.80 (95% CI 0.72‐0.87); the MRI-based
model had a pooled C-index of 0.799 (95% CI 0.746‐0.857;
95% PI 0.640‐0.998; z score=−6.33; P<.001; Figure S8A in
Multimedia Appendix 1), with sensitivity and specificity of
0.74 (95% CI 0.66‐0.81) and 0.77 (95% CI 0.73‐0.80); the
X-ray–based model had a pooled C-index of 0.687 (95% CI
0.550‐0.859; z score=−3.29; P=.001; Figure S9A in Multi-
media Appendix 1); the MRI+clinical feature–based model
had a pooled C-index of 0.820 (95% CI 0.773‐0.869; 95%
PI 0.676‐0.994; z score=−6.70; P<.001; Figure S10A in
Multimedia Appendix 1), with sensitivity and specificity of
0.77 (95% CI 0.72‐0.81) and 0.76 (95% CI 0.71‐0.80); the
X-ray+clinical feature–based model had a pooled C-index
of 0.788 (95% CI 0.735‐0.845; 95% PI 0.610‐1.000; z
score=−6.72; P<.001; Figure S11A in Multimedia Appendix
1), with sensitivity and specificity of 0.68 (95% CI 0.65‐
0.71) and 0.80 (95% CI 0.76‐0.83); the clinical feature+X-
ray+MRI–based model had a pooled C-index of 0.712 (95%
CI 0.645‐0.787; 95% PI 0.495‐1.000; z score=−6.69; P<.001;
Figure S12A in Multimedia Appendix 1), with sensitivity and
specificity of 0.66 (95% CI 0.54‐0.75) and 0.71 (95% CI
0.61‐0.80).

In the aforementioned main meta-analysis, the PIs for all
pooled C-indices were broad, with lower limits below 0.7
(C-index >0.7 suggests satisfactory discriminatory power of
the model). Therefore, subgroup analyses were conducted
(Figures S7-S12B in Multimedia Appendix 1). Subgroup
analyses by the validation method revealed that the pooled
C-index of X-ray–based and X-ray+clinical feature–based
models was superior in independent validation to that in
cross-validation, whereas the pooled C-index of clinical
feature–, MRI-, MRI+clinical feature–, or clinical feature+X-
ray+MRI–based models was superior in cross-validation to
that in independent validation (Tables S5 and S6 in Multime-
dia Appendix 1).

Discussion
Summary of the Main Findings
In this systematic review of the predictive value of ML
in KOA progression, 32 observational studies were inclu-
ded. The predictive performance of ML, traditional meth-
ods, and DL was systematically compared under different
validation methods, model types, modeling variables, and
definitions of KOA progression. KOA progression in the
included studies was defined primarily as imaging pro-
gression and other types of progression, including pain
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progression, dysfunction progression, and stiffness progres-
sion. The modeling variables mainly included traditional
clinical features and imaging features (X-ray and MRI), as
well as clinical feature+X-ray or MRI, and clinical fea-
ture+X-ray+MRI in a small number of studies. The C-index
measures a prediction model’s discriminatory power, and a
C-index >0.7 indicates satisfactory performance and practical
value [52]. For predicting all progression in this systematic
review, ML models demonstrated robust performance under
different modeling variables, with pooled C-indices >0.7 and
lower limits of PIs >0.5 in the validation cohort, suggesting
that they possess clinically significant discriminatory power
in predicting KOA progression. The clinical feature–based
model was established mainly by logistic regression and
exhibited accuracy comparable to other ML models. Among
image-based models, traditional ML or DL possessed higher
accuracy.

Comparison With Previous Reviews
Castagno et al [12] described the application of ML in OA
rather than in KOA, provided qualitative descriptions of
algorithm type distributions and validation strategies, and
broadly reviewed the application value of ML. However,
they did not statistically compare the models’ actual efficacy,
so their conclusions lacked quantitative evidence, restrict-
ing readers’ understanding of the ML predictive value in
progression. Miraj et al [13] only described the ML model
for predicting KOA progression, compared the accuracy of
different ML models, and reported the original study results
in descriptive tables. However, they conducted no lateral
comparison of algorithms, and the pooled effect sizes were
not calculated by meta-analyses, so their conclusion lacked
high-grade evidence in evidence-based medicine. Ramazanian
et al [11] conducted a qualitative overview of prediction
models for KOA and listed the AUCs for traditional statistical
models and ML models. However, they did not directly
compare the predictive efficacy between the 2 models, and
no pooled analyses were conducted on the models’ C-index,
sensitivity, and specificity. This is the first systematic review
and meta-analysis assessing the predictive value of ML in
KOA progression under different model types, modeling
variables, and definitions of KOA progression and revealing
the application status of ML in predicting KOA progression.

Definitions of KOA Progression
Despite the high accuracy of ML in predicting KOA
progression, some challenges are still present. First, the
definition of KOA progression was mainly based on dynamic
changes in imaging and clinical symptoms, but it varied
across the included studies. Generally, KOA progression is
categorized into imaging and clinical symptom progression.
Imaging progression is assessed using X-ray and has different
definitions across studies, mainly including JSW reduction
and an increase in KL grade. The JSW reduction is defined as
≥0.7 mm in most studies, ≥0.5 mm in the study by Schiratti
et al [43], and ≥0.6 mm in the study by Castagno et al
[24]. Moreover, errors may be produced in measurements of
JSW due to variations in position or observer interpretation,
affecting model accuracy. The different definitions of JSW

reduction also restrict the generalizability of corresponding
prediction models.

Besides, the definition of the increase in KL grade is also
different, including 1 or greater during follow-up [48], 2 or
greater [49], and any value in most studies. A few studies also
defined imaging progression as loss of cartilage volume and
an increase in the number of osteophytes [23,35]. In addition,
clinical symptom progression, including pain, dysfunction,
stiffness, and overall progression, is mostly assessed by
the WOMAC scale (pain, stiffness, and physical function).
Pain, dysfunction, and stiffness progression are defined as
an increase in the score of the corresponding dimension, and
overall progression is defined as an increase in the overall
WOMAC score. For the same progression, however, the
increase in the WOMAC score has different definitions, such
as 9 or higher during follow-up in most studies, and 2 or
higher in the study by Castagno et al [24]. To sum up, KOA
progression has not been clearly defined, which may have
some impact on the effectiveness of progression assessment
tools or independent prediction tools.
Comparison of Modeling Variables
Modeling variables are key contributors to the performance
of ML models, so selecting appropriate variables is impor-
tant. In this systematic review and meta-analysis, modeling
variables mainly included traditional clinical features and
imaging features (X-ray and MRI). In addition, the combi-
nation of different modeling variables was also used [24,
35,40]. Traditional clinical features are suitable for estab-
lishing models with stronger interpretability, but they are
often less accurate for predicting positive events, as reflec-
ted in the model performance in the validation cohort of
this systematic review. Imaging-based models have attrac-
ted widespread attention recently, which are established
essentially by segmenting medical images and then extract-
ing and filtering features, such as texture structure, achieving
satisfactory effects in many fields [53]. The imaging-based
model exhibited high accuracy in both cross-validation and
independent validation in this systematic review.

However, some challenges are present during image
feature extraction. First, the different image quality may
affect the imaging results, and MRI can capture more image
features than X-ray. This systematic review also showed
that the accuracy of the MRI-based model was higher than
that of the X-ray–based model, but the clinical diagnosis
and treatment of KOA are mainly dependent on X-ray at
present, thus greatly hindering the generalizability or utility of
the MRI-based model. Second, image segmentation is easily
susceptible to prior knowledge or experience, which may
result in some variations in the segmentation of regions of
interest across studies, thus affecting the predictive effect.
Finally, large amounts of information will be excluded during
the screening of texture structure, also producing a risk of
information loss. Genetic information–based models usually
involve a small number of cases, so they are prone to
overfitting or insufficient statistical power [54]. Besides,
the combination of different modeling variables made the
model more complex but did not enhance its accuracy in

JOURNAL OF MEDICAL INTERNET RESEARCH Liu et al

https://www.jmir.org/2025/1/e80430 J Med Internet Res 2025 | vol. 27 | e80430 | p. 22
(page number not for citation purposes)

https://www.jmir.org/2025/1/e80430


this systematic review, which may be related to the model-
ing variables and the data integration mode. In the future,
the multiomics data integration model should be further
optimized to raise the model’s predictive accuracy.

Comparison of Model Types
The type of task, as well as the model accuracy and
interpretability, must be taken into account when construct-
ing a prediction model. In this systematic review and
meta-analysis, logistic regression models and some of the
traditional ML models (eg, decision trees and random
forests) possessed excellent interpretability, but they tended
to be less accurate, whereas models with poor interpreta-
bility (eg, support vector machine, neural network, and
DL) were more accurate [55]. Therefore, both interpretabil-
ity and accuracy should be considered when establishing
models based on interpretable clinical features. In addition,
DL models are superior to traditional ML models in image
processing. The reason is that traditional ML requires
image segmentation, and its texture feature extraction is
highly susceptible to personal experience, whereas DL
models can be directly established based on the image,
with texture segmentation and extraction incorporated
into training, thereby maximizing the retention of image
information and improving the intelligent performance
[56]. Due to the limited number of studies included and
the single data extracted, however, the great advantage of
DL was not verified in this systematic review. Therefore,
DL-based image processing is pending further exploration
in the future.

Comparison of Validation Methods
In the included studies, the validation cohorts were gener-
ated by internal (cross-validation) or external validation.
By dividing the dataset into multiple subsets followed by
training and testing, cross-validation can avoid the random
bias of a single division, allow for a more robust estimate
of the generalizability, and also help optimize the parameters
and avoid overfitting, thereby achieving a balance between
efficient training and validation with limited data [57]. In this
systematic review and meta-analysis, external validation with
independent datasets was used in only 7 of the 30 inclu-
ded studies, and the models were generally less accurate in
external validation than in the training cohort, indicating that
overfitting may still be present in the training cohort despite
cross-validation. To sum up, despite a high accuracy, ML
models lack external and clinical validation in most studies,
and their reliability and generalizability remain inconclusive
in different clinical settings, hindering their utility in KOA
management. In addition, the performance of ML models
in predicting KOA progression is influenced by a variety
of factors, including sample size, data quality, and source.
Therefore, these influencing factors should be fully consid-
ered when establishing and validating ML models, and model
optimization and validation should be achieved in appropriate
ways.

Challenges in Model Uncertainty
This systematic review reported both CIs and PIs for effect
sizes, which more accurately reflected the uncertainty of
model performance across different clinical settings. Unlike
CIs in traditional systematic reviews, PIs emphasize the
range of potential model performance in “a future simi-
lar study” or “another real-world clinical population” [58].
The PIs observed in this study were markedly broader
than the CIs, with some lower limits approaching random
levels. This reveals a fundamental challenge for current ML
models in predicting KOA progression, namely, significant
uncertainty of their generalizability across different clinical
settings. This uncertainty was often obscured in previous
literature that only reported the mean C-index [20]. Although
some pooled statistical indicators indicate satisfactory mean
discriminatory power of the model, the broad PIs suggest
that the actual predictive performance of the model may
fluctuate greatly in specific new patient cohorts or independ-
ent external validation sets. This nonrobustness arises not
only from algorithm differences but also more fundamentally
from the heterogeneity of data sources in available studies
and the nonstandardized definition of “disease progression.”
Therefore, future research should not only focus on indicators
for higher accuracy but also enhance the model robustness to
narrow PIs, thereby enabling translation of ML models from
the laboratory to clinical precision medicine.
Clinical Application
The effect sizes were pooled using a random effects model,
and PIs were reported. However, the PIs were broad in
the results of some pooled analyses, indicating substantial
unexplained heterogeneity in the actual predictive perform-
ance. To investigate potential sources of heterogeneity,
subgroup analyses were conducted by the model type and
modeling variable [59]. However, broad PIs remained in
some subgroups, indicating substantial unexplained heteroge-
neity despite stratifications. This underscores the complexity
of predicting KOA progression and the potential influence of
factors beyond those in this systematic review and meta-anal-
ysis. Therefore, clinical decisions should be made cautiously
in specific contexts. As discussed earlier, the potential risk
of inconsistency increased due to different definitions of
KOA progression, modeling variables, model types, and
validation methods, underscoring the need for rigorously
standardized workflows in future clinical translation of ML
models. Meanwhile, subgroup analyses were conducted by
the dataset, model type, modeling variable, and definition of
KOA progression, and no specific model type that demonstra-
ted optimal predictive performance was found. In clinical
practice, traditional ML or logistic regression models can
be established to construct risk scoring tools with better
interpretability. To predict the risk, image processing can be
achieved by DL. Before clinical popularization and appli-
cation, these models require prospective validation in a
real-world setting.
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Advantages and Limitations
This systematic review and meta-analysis on ML models for
predicting KOA progression offered an evidence-based basis
for the development or use of intelligent tools. However,
some limitations are worth noting. First, a limited number of
studies were included, and subgroup analyses were conduc-
ted by the model type, modeling variable, and definition of
KOA progression, but the influence of follow-up duration
on the modeling results was not deeply explored. Second,
the definition of KOA progression varied across studies,
restricting the popularization and application of prediction
models. Third, the validation cohort was generated mainly
by internal validation, and most studies lacked external
validation, which weakened the potential of ML in clinical
translation. Fourth, the variations in ML methods under
different modeling variables were not investigated due to
the limited studies included. Fifth, the datasets used were
mostly from public databases, which may produce bias in
specific patient groups or limitations in data collection.
Finally, a random effects model was used to pool the effect
sizes. However, the pooled C-indices of models established
using different variables (clinical features, X-ray, MRI, and
multiomics) were broad, indicating significant uncertainty in
current conclusions. This uncertainty may be increased due
to fewer studies included in specific subgroups, but its main
contributors remain the substantial variation in true effect
sizes across clinical settings and populations. This suggests

that besides those covered in the subgroup analyses, other
factors, such as variations in image acquisition, may also
contribute to the heterogeneity. In the future, more studies
are expected to emerge with rapid advancements in this
field, enriching data for subsequent systematic reviews and
meta-analyses.
Conclusions
This systematic review systematically compared for the
first time the performance of ML in predicting KOA
progression under different model types, modeling variables,
and definitions of KOA progression. Currently available
reviews are mostly qualitative descriptions of the predictive
value of ML in KOA progression, while this systematic
review, combining CIs with PIs, systematically quantified
the predictive efficacy boundaries of ML models for KOA
progression. On the basis of the mean effect across inclu-
ded studies, ML models demonstrate certain discriminatory
power in predicting KOA progression. However, current
evidence should be interpreted with caution due to significant
heterogeneity, such as variations in the definition of KOA
progression, modeling variables, and validation strategies,
and high RoB, as well as uncertainty in effect distribution as
revealed by the broad PI. Future research should standardize
the definition of KOA progression, enhance methodological
rigor, and conduct stringent external validation to improve
model reliability and clinical applicability.
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KL: Kellgren-Lawrence
KOA: knee osteoarthritis
LR: logistic regression
ML: machine learning
MRI: magnetic resonance imaging
OA: osteoarthritis
PI: prediction interval
RF: random forest
RoB: risk of bias
WOMAC: Western Ontario and McMaster Universities Osteoarthritis Index
XGBoost: Extreme Gradient Boosting
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